Purpose: To develop a rapid segmentation-free method to visualize and compute wall shear stress (WSS) throughout the aorta using 4D Flow MRI data. WSS is the drag force-per-area the vessel endothelium exerts on luminal blood; abnormal levels of WSS are associated with cardiovascular pathologies. Previous methods for computing WSS are bottlenecked by labor-intensive manual segmentation of vessel boundaries. A rapid automated segmentation-free method for computing WSS is presented.
| I NT ROD UCTI ON
Wall shear stress (WSS) is implicated in a variety of cardiovascular diseases, including atherosclerosis, aortic dissection, and aneurysm formation. [1] [2] [3] [4] While inflammation and the buildup of low-density lipoprotein cholesterol are the more commonly associated features of cardiovascular disease, pathological WSS may lie upstream of these processes. 1 WSS is the drag force per area the endothelium exerts on luminal fluid and is impacted by vascular geometry, turbulent flow, and other hemodynamic disruptions. Cellular mechanotransducers may sense altered shear stress and actuate changes in vascular cell state. 1 Altered WSS is associated with changes in production of vasodilatory vascular endothelial nitric oxide synthase, inflammatory processes, and endothelial structural integrity. 1 It may, therefore, be beneficial to routinely evaluate wall shear stress in patients with cardiovascular disease. WSS is physically defined as the change in fluid velocity at the endothelium in the direction of the vessel lumen. Computation of WSS, therefore, requires spatially resolved velocity data as well as demarcation of the endothelial boundaries. 4D Flow MRI has potential for enabling noninvasive in vivo measurement of WSS, as it evaluates both blood velocity and patient anatomy. Previous work has successfully analyzed aortic WSS from 4D Flow MRI data through two approaches. In the first approach, trained observers select analysis planes along the aorta and segment each plane to explicitly demarcate the endothelium-lumen boundary. These studies then evaluate WSS by numerically approximating the change in velocity perpendicular to these boundary regions at each time point. [5] [6] [7] [8] [9] [10] [11] [12] In the second approach, trained observers use semiautomatic segmentation packages and interpolation to generate a 3D mesh of the aorta and subsequently evaluate WSS. [13] [14] [15] [16] [17] While these are viable methods for calculating WSS on a case-by-case basis, multiple authors note that their primary limitation is the need for user-input for manual segmentation of the aorta. [5] [6] [7] [13] [14] [15] Specifically, manual segmentation can lead to inter-observer variability for the lumen boundary as well as potential inaccuracies due to the spatiotemporal interpolations involved in 3D mesh generation. An additional limitation is the sheer number of segmentations required to demarcate regions of interest (ROI) throughout the vasculature over time; the aorta is elastic and hence its boundaries temporally, necessitating manual segmentation at every time point. 15 We, therefore, sought to develop an approach to calculate WSS that is less dependent on user input for initial visualization. To validate our method, we compared our results with those obtained using a reference method by Potters et al. 8 2 | THE ORY
| Derivation of WSS
The viscous stress vectors is defined by the dot product of the viscous stress tensor s $ and the inward unit normal vector n, pointing luminally, for a given blood fluid element 7 :
The viscous stress tensor s $ is, in turn, defined by its relationships with the strain rate tensor _ e of the blood fluid element and the fluid's viscosity h:
We assume that in the area of interest, blood behaves as an incompressible Newtonian fluid with viscosity equal to 3.2 mPa*s.
14 Given a three-dimensional Cartesian space defined by the three axes (x 1 , x 2 , x 3 ) and a three-dimensional velocity field (ṽ) with corresponding components (v 1 , v 2 , v 3 ), we obtain the following strain rate tensor: 
Because we are only concerned with the shear component of stress, we set the diagonal components to zero, as they represent orthogonal stresses. As an example, we orient our Cartesian coordinate system such thatñ lies on the x 3 axis. We assume a no-slip boundary condition at the vessel wall boundary and negligible velocity in the direction of the normal. A restatement of these constraints is:
For luminal fluid elements, imposing Equation 4 may lead to inaccuracies; however, we tolerate these potential errors for two reasons: (1) we isolate and visualize voxels with high values of shear at the vessel wall and (2) we deemphasize and ignore voxels within the vessel lumen. As a result of these constraints, our strain rate tensor reduces to: 
Therefore, our shear stress vector at the vessel wall is defined as: 
Given the previously used example coordinate system defined by the three axes (x 1 , x 2 , x 3 ) withñ lying on axis x 3 as shown previously by Potters et al 8 
:
n5ð0; 0; 1Þ:
We can now solve fors:
We developed the following algorithm to extrapolate this example coordinate system and derivation to all other fluid elements.
| Derivation of Algorithm
A restatement of Equation 8 in a static Cartesian coordinate system, in whichñ and x 3 do not necessarily align is:
We note thatṽ2ðṽ ÁñÞ Áñ is the component of velocity parallel to the wall. To approximate the value ofñ, we leverage the 4D flow velocity data. We assume that each blood fluid element has a velocity profile which follows the cardiac cycle and has an associated speed appreciably higher than the surrounding solid elements. That is to say, we use fluid speed as a surrogate for contrast. Therefore, we use a 3D central finite-element scheme to approximate the gradient of fluid speed (s) with second-order error:
n % rs jrsj :
To enhance visualization of vessel boundaries, we solve:
where I is the phase contrast MRI signal intensity of a given voxel, and I Edge is the value we assign for visualization of anatomical edges. We chose to define I Edge as the Hadamard product (designated by the open circle in Equation 12 ) of signal intensity and the magnitude of the gradient of speed to de-emphasize regions with large jrjṽjj but low MRI signal intensity, notably the lungs.
Having calculated the value ofñ in Equation 10, we can solve for the values ofs in Equation 9 by using a 3D forward/backward finite-element scheme to approximate the gradient of velocity with second-order error. Specifically, we calculate both the forward and backward finite difference approximation of the derivative for each spatial dimension with second order error to emphasize local abrupt changes in velocity and accentuate WSS over luminal shear stress. Based on the direction ofñ, we then set the antiparallel derivative of velocity to 0 for each spatial dimension. As we are chiefly interested in the value of shear stress at the boundary, the forward and backward difference schemes allow us to approximate the change in velocity at the boundary without erroneously using velocity values within the vessel wall, as would occur with a central difference scheme.
To enhance visualization of WSS near the wall, we solve for fluid speed and calculate the degree of alignment (parallelity) between rs andñ and filter out luminal and extraluminal voxels away from the vessel boundary:
At the vessel wall, we assume thatñ points toward the center of the lumen. We also assume that fluid speed increases away from the wall as a consequence of the no-slip boundary condition; therefore, rs andñ should generally point in the same direction (the value of Equation 13 should be positive at the wall). Should the normal and gradient of speed vectors be anti-parallel, it is likely that the voxel in question is either a luminal element or is a computational artifact (Supporting Information Figure S1 , which is available online).
| ME THO DS
With HIPAA-compliance and IRB approval, we retrospectively identified four 4D Flow MRI acquisitions obtained as part of clinical imaging examinations at our institution. Informed consent was waived by the local Institutional Review Board. The 4D Flow MRI was performed with following administration of intravenous gadolinium contrast (gadobenate dimeglumine, 0.1 mmol/kg) using a cardiacgated, four-point encoded variable-density pseudo-randoml ordered Cartesian sequence, followed by iterative compressed-sensing and parallel imaging reconstruction with respiratory self-navigation previously described. 18, 19 MR acquisition parameters are shown in Table 1 . Calculations of shear stress (s) throughout the vector field were performed in MATLAB 2016b as presented previously. 20 We further optimized our methods by using the MAT-LAB parallel computing toolbox. Volumetric visualization was performed using the Arterys Cardio DL 2.3 (Arterys, San Francisco, CA). For evaluation of WSS, we manually drew the ROI at the vessel-lumen interface in Arterys. We use a previously reported value of 3.2 mPa*s for blood viscosity.
14 For explicit quantification of WSS, we report two metrics, which are computed at each time step. The first metric is average WSS, which we determined by averaging the WSS within the ROI. The second metric is peak WSS, which is the maximum value of WSS detected within the ROI. The average WSS during peak systole is the maximum value of average WSS with respect to time.
We developed a method for calculation and visualization of WSS, building on previous volumetric techniques ( Figure  1 ). 21 Specifically, our method first assumes every voxel is at the endothelium-lumen interface and calculates an associated normal vector from velocity data. We then calculate the change in velocity along this normal vector to solve for WSS (Equation 6 ). Lastly, we visualize all WSS values overlaid onto anatomical data, while preferentially suppressing intraluminal voxels (Equations 13 and 14). The observer is then able to determine locally abnormal regions of WSS at-aglance and conduct measurements as necessary. We did not perform explicit segmentation in any of the cases presented before quantification. In this manner, our method: (1) uses a user-independent algorithm for calculating WSS, (2) F IGUR E 1 Algorithm for determining and visualizing WSS. Input data comprises anatomic and velocity field data from 4D Flow MRI. Fully automated computation calculates edge-enhanced images, edge-normal wall vectors, and WSS from the appropriate input data. In the final step, quantification of specific regions of interest are achieved with user-guided interrogation of the computed WSS fields
| R ES ULT S
We evaluate our algorithm in four subjects previously referred for 4D Flow MRI to illustrate our approach. At-a-glance, it is possible to immediately see general trends of WSS throughout the aorta at every cardiac phase. Furthermore, regions of locally differing WSS are readily visible; regions of stenosis are highlighted (high WSS), whereas regions of aneurysm are de-emphasized (low WSS). Upon localizing any lesions of interest, ROIs can be drawn to quantify WSS over time. Our algorithm allows us to visualize shear stress emphasized near the wall and an experienced user can readily measure WSS at the wall itself and discriminate from artifacts. In these four cases, we highlight anatomic detail afforded by MRA alongside 4D Flow velocity data and WSS computations. The MRA data delineates anatomic structures in finer detail. Because WSS is derived from velocity data, the 4D Flow velocity field provides a qualitative estimate for the expected WSS behavior. The following cases demonstrate agreement between our complementary datasets; we observe locally aberrant WSS in regions of gross pathology and abnormal fluid flow as evaluated by MRA and 4D Flow MRI.
Case #1 depicts hemodynamics in a patient with presumed giant cell arteritis involving the infrarenal abdominal aorta as visualized by MRA (Figure 2A) . The 4D Flow MRI shows locally increased fluid velocity at the infrarenal abdominal aorta ( Figure 2B ). We observe elevated average WSS during peak systole (103 cPa) at the site of pathological stenosis relative average WSS during peak systole in the normal distal descending thoracic aorta (62 cPa) ( Figures 2C  and 2D ). Additionally, increased WSS is present at the celiac and superior mesenteric arteries; the average WSS during peak systole in the celiac artery is 74 cPa ( Figure 2D) .
Case #2 depicts a focal right common iliac artery aneurysm as visualized by MRA ( Figure 3A) . The 4D Flow MRI shows reduced fluid velocity in an aneurysmal right common iliac artery ( Figure 3B ). The normal contralateral left common iliac artery provides an internal control for WSS. This case shows the sharp disparity between average WSS during peak systole in the normal (left) common iliac artery (33 (1) distal descending thoracic aorta, (2) aneurysmal right common iliac artery, (3) normal left common iliac artery. There is locally decreased WSS within the right common iliac aneurysm, compared with the normal left common iliac artery. Average WSS during peak systole in the normal proximal descending aorta is 60 cPa cPa) relative to the average WSS during peak systole in the aneurysmal (right) common iliac artery (10 cPa) ( Figures 3C  and 3D ). Average WSS during peak systole at the distal descending thoracic aorta is consistent with case #1, at 60 cPa ( Figure 3D) .
Case #3 presents a patient with aortic coarctation with severe stenosis in the distal arch as visualized by MRA ( Figure  4A ). 4D Flow MRI shows increase fluid velocity at and immediately distal to the site of coarctation ( Figure 4B ). This case demonstrates focally elevated average WSS during peak systole at the site of stenosis (128 cPa) followed distally by a decrease in average WSS during peak systole to 30 cPa ( Figures 4C and  4D) . The calculated average WSS during peak systole in the normal ascending aorta proximal to the coarctation is consistent with the previous cases, at 49 cPa ( Figure 4D) .
Finally, case #4 shows a patient with an aortic dissection as visualized by MRA ( Figure 5A) . The 4D Flow MRI shows very high fluid velocity within the nearly collapsed aortic true lumen and slow flow within the larger false lumen ( Figure 5B ). Average WSS during peak systole is high along the course of the intimal flap both proximally (121 cPa) and distally (107 cPa) ( Figures 5C and 5D ). Proximal to the site of dissection in the normal segments of the ascending aorta, average WSS during peak systole is 65 cPa, similar to previous subjects ( Figure 5D ). The slow fluid flow through the false lumen generates negligible WSS.
In normal aortic segments, WSS measurements appear internally consistent in this pilot population of four subjects with this approach. Average WSS during peak systole in normal aorta segments ranged from 49 the 65 cPa, which are similar to previously reported values obtained with other approaches. 8, 10, 14, 16, 22 When compared against a reference method, we found that our results were moderately correlated (Pearson's r 5 0.52, p 5 4.4e-36) and were not statistically different (paired t-test P 5 0.23, 510 pairs of observations).
| DI S CU S S IO N
In this work, we derive a computationally efficient method to approximate WSS, which enables comprehensive visualization of WSS in the large vessels without need for manual contouring. Manual interaction is later leveraged to quantify (2) proximal descending thoracic aorta, (3) distal descending thoracic aorta within the aortic dissection. This patient exhibits aortic dissection with locally increased WSS at the site of dissection. Average WSS during peak systole in the normal ascending aorta is 65 cPa WSS specifically at regions of interest, but is not required for initial visual display of WSS throughout the scanned region. This may bring greater accessibility of WSS visualization into routine clinical practice, and allow clinicians to rapidly focus analysis on regions of grossly abnormal WSS. We opted to construct our algorithm to avoid explicit hyperparameters, which enables this automated visualization.
Regions of high and low WSS may contribute to the formation and evolution of aortic dissection and aneurysm. It has been hypothesized that locally high WSS may activate WSSdependent vasodilatory and remodeling mechanisms. 1 The case of aortic coarctation presented here is suggestive that certain sections of the aortic wall may experience a greater tendency toward remodeling than others. It is worth noting that our estimates for average WSS during peak systole in nonpathological regions of the aorta are similar to "normal" values reported in the literature (approx. 60 cPa). 8, 10, 14, 16, 22 Our method offers two main potential advantages. The first advantage, the user-independent implicit display of WSS eliminates potential mismatch between the fluid velocity boundary and user-defined boundaries for calculation of WSS. The second advantage of our method is that, for qualitative evaluation of WSS, calculations are fully automated. Traditional methods for calculating WSS heavily rely on presegmentation of the vasculature; ideally, the classification of edge vs. lumen should be performed for every voxel at every time point for accurate quantification of WSS. Current methods either solely rely on manual segmentation, which comes with implicit user biases and inaccuracies, or with semiautomated methods which expedite the process by averaging frames and/or using splines. [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] While efficient, use of splines is sensitive to a variety of hyperparameters such as the specific position of the nodes. 8 Our proposed algorithm relies solely on empirical data to classify voxels as edge or lumen and is, therefore, both userindependent and inherently reproducible. It is now possible to automatically evaluate large patient cohorts in parallel. From a clinical perspective, rapid processing of patient 4D Flow MRI data may streamline screening and diagnostics. From a research perspective, the ability to rapidly process large datasets in a reproducible manner permits the generation and evaluation of novel hypotheses correlating pathological WSS with disease states.
In addition to calculating systolic WSS where WSS is the highest, our method may be generalizable to other portions of the cardiac cycle (Supporting Information Video S1). However, during phases of the cardiac cycle with lower velocity, such as diastolic phases, or in vessels with complex geometry, the gradient of speed may become less reliable as an estimate of the wall normal. In situations where the vessel wall does not move or angulate considerably during the cardiac cycle, it is possible extrapolate the systolic wall normal to other cardiac phases. Evaluation and refinement of this approach is a potential subject of future investigation.
The visualization strategy we present here may depend on the quality of the underlying image data. We perform 4D Flow MRI at our institution using a postcontrast technique with compressed-sensing and modest acceleration factors to maximize image quality. It is possible that the visualization strategy presented here may not work as well with low signalto-noise image data or in examinations performed without contrast. In addition, it is possible that, with blood pool contrast agents such as ferumoxytol, the quality of WSS calculations may further improve due to improvements in SNR. In our brief study, we did not fully examine these potential contributing factors, but they can be undertaken in future work.
Additionally, our study is limited by the small number of cases analyzed. For this pilot study, we were primarily interested in demonstrating a proof-of-concept and the subject of future work will be to assess large patient and control cohorts to begin construction of classifiers to differentiate between normal and pathological states. From a theoretical perspective, our method is limited by the current spatiotemporal resolution. Because the greatest change in fluid velocity occurs immediately proximal to the vessel wall, poor resolution can lead to error in the WSS approximation. It is the authors' belief that, as measurement methods gain resolution, the results generated by our algorithm will reflect more accurately the true value of WSS.
| CON CLU S IO NS
We present a novel method to calculate and visualize WSS from 4D Flow MRI data, using implicit rather than userdefined boundaries. Our method leverages parallel processing and removes the upfront need for segmentation, which may enable greater accessibility for more routine clinical use. Furthermore, our method performs comparably to a previously published reference algorithm. Our method allows for at-aglance localization of aberrant WSS and subsequent targeted quantification. These advantages may enable greater accessibility of WSS for potential use in a clinical setting by streamlining the computational and analytical processes. Future work may include further refinement of the algorithm to account for vessel contractility (i.e. evaluating the hemodynamic effects of the radial component of fluid velocity), assessment of its sensitivity to acquired spatial resolution, and application of the technique to study WSS in specific patient populations. 
